Highlights d Genome-scale enhancer expression patterns can be used to predict brain structure d Automated clustering of images finds known structures such as olfactory glomeruli d Results identify GAL4 lines with strong expression in the predicted structures d We validate novel predictions to reveal previously undescribed optic glomeruli
Correspondence andrew.straw@biologie.uni-freiburg.de
In Brief
In this study, Panser et al. took advantage of recent, genome-wide Drosophila enhancer expression datasets consisting of 3D brain image volumes and used clustering to automatically predict brain structures. They validated previously described regions and used novel predictions to make an atlas of the fly optic glomeruli.
Identifying distinct anatomical structures within the brain and developing genetic tools to target them are fundamental steps for understanding brain function. We hypothesize that enhancer expression patterns can be used to automatically identify functional units such as neuropils and fiber tracts. We used two recent, genome-scale Drosophila GAL4 libraries and associated confocal image datasets to segment large brain regions into smaller subvolumes. Our results (available at https://strawlab.org/braincode) support this hypothesis because regions with wellknown anatomy, namely the antennal lobes and central complex, were automatically segmented into familiar compartments. The basis for the structural assignment is clustering of voxels based on patterns of enhancer expression. These initial clusters are agglomerated to make hierarchical predictions of structure. We applied the algorithm to central brain regions receiving input from the optic lobes. Based on the automated segmentation and manual validation, we can identify and provide promising driver lines for 11 previously identified and 14 novel types of visual projection neurons and their associated optic glomeruli. The same strategy can be used in other brain regions and likely other species, including vertebrates.
INTRODUCTION
A key goal of neuroscientists is to understand brain structure and function and their relation to behavior. Neurogenetic tools that allow easily repeatable targeting of specific cell types now complement classic anatomical techniques, such as Golgi staining, in this pursuit. Such tools have been essential to many advances in the past couple of decades. More recently, genome-scale efforts to develop collections of thousands of Drosophila lines in which GAL4 expression is controlled via fragments of genomic DNA containing putative enhancers and repressors [1] [2] [3] have already been productively used as the basis for numerous studies.
For many regions of the brain, we lack both a detailed anatomical understanding of the structures present and the ability to reproducibly target specific cell types contained within those structures with genetic tools. For example, extensive work on the visual system of flies such as Drosophila [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] and other dipteran species [15] [16] [17] [18] [19] [20] has shown that the visual projection neurons (VPNs), cells whose projections leave the optic lobes, target structures called ''optic glomeruli'' in the central brain. Despite this work, the VPNs are incompletely cataloged and no systematic map of the optic glomeruli is available. This region is particularly interesting because the VPNs are an information bottleneck; visual information from the cell-rich optic lobes must pass through the VPNs-with small numbers of cell types and absolute cell counts-before reaching the central brain, where it can influence behavior. For example, in the stalk-eyed fly Cytrodiopsis whitei, the optic nerve, containing the VPNs, contains about 6,000 axons [21] , and the number of VPN types in Drosophila is thought to number about 50 [14] . One suggestion is that optic glomeruli process visual features in a way analogous to olfactory glomeruli in the antennal lobe [13, 16, 19, 20] , namely that VPNs of a single type project to a single glomerulus, which receives input from that VPN type in a one-to-one mapping. Each VPN type and corresponding glomerulus may carry information about a specific visual feature, and the array of glomeruli process information so the animal can respond appropriately [11, 13, 16, 19, 20] . As it has been with the Drosophila olfactory system, genetic access to VPN cell types and other cell types innervating the optic glomeruli will be useful in elucidating visual circuit function.
Similarly, other regions of ''terra incognita,'' brain regions that remain largely undescribed, exist even within some of the beststudied brains, including flies and humans [12, 22] . An automatic approach to discover functional units, such as nuclei or axon (legend continued on next page) tracts, and to suggest genetic lines for targeting these regions would be useful. When compared to the antennal lobes, mushroom bodies, and central complex, much of the Drosophila brain is less highly structured, leading to an impression of diffuse neuropils [12] . Several projects have made use of clonal analyses in which rare stochastic genetic events isolating a small number of neurons are assembled to allow reconstructing specific cell types and brain structures [12, [23] [24] [25] [26] [27] [28] . Other efforts combine electron microscopy with serial reconstruction to produce detailed connectomic data [29] [30] [31] [32] . Despite their utility at revealing brain structure, substantial effort is required to correlate results from these approaches with cell-type-specific genetically encoded markers [33] , and thus the results cannot be directly used to identify promising driver lines for subsequent study.
In this study, we used image data from recent Drosophila GAL4 collections to automatically identify structure within the fly brain and to identify driver lines targeting these regions. Our approach was based on the hypothesis that multiple locations within a particular nucleus, glomerulus, or axon tract would have patterns of genetic activity, such as gene expression or enhancer activation, more similar to each other than to locations within other structures. RNA expression patterns in mouse [34] [35] [36] [37] and human brains [38] [39] [40] [41] show this to be true at a relatively coarse spatial scale-sets of genes expressed in, for example, cortex or cerebellum are characteristic for those regions across different individuals. Given that enhancers have more specific expression patterns than the genes they regulate [2] , we hypothesized that using enhancers, rather than genes, would enable parcellation of brain regions on a smaller scale. By clustering GFP patterns driven by enhancer-containing genomic fragments, we identified putative functional units. Our results show that, indeed, patterns of genomic-fragment-driven expression can be used to automatically extract brain structure. Many structures of the well-understood Drosophila antennal lobes and central complex were automatically found by our method. We further show that this method predicts multiple optic glomeruli and that manual validation confirms the existence and shape of these structural elements. Furthermore, this method highlights existing genetic driver lines likely to be useful for studies of localized neural function.
RESULTS

Segmentation Based on Patterns of Genomic Fragment Co-expression
Our approach to segmenting brain regions into putative ''functional units'' is based on the idea that multiple locations within such a structure-a brain nucleus, glomerulus, or axon tract, for example-are more similar in their set of active enhancers than locations within other structures. We made use of brain image collections from recent Drosophila genomic fragment GAL4 libraries, and the overall strategy was to use conventional clustering and agglomeration techniques on GAL4-driven expres-sion data to parcellate a brain region (e.g., antennal lobe or lateral protocerebrum) into a number of smaller putative functional units (e.g., individual olfactory or optic glomeruli) based on enhancer activity and thus, ultimately, on the genetic code ( Figure 1A ). This approach divides the brain into distinct, hierarchically organized regions, each likely innervated by multiple cell types. A cluster-a set of voxels-is a distinct concept from a cell type. Whereas local interneurons might be confined to particular clusters, other cell types extend through multiple clusters and into more distant brain regions. Clusters are predictions of functional units in the Drosophila brain. Because the strategy links the nucleotide sequence within genomic fragments to specific brain regions, we named it ''Braincode.'' The results can be interactively viewed at https://strawlab.org/braincode.
If our hypothesis-that functional units can be automatically segmented using patterns of enhancer activity and, more specifically, that the clusters identified correspond to genuine anatomical structures-is correct, we can make several predictions. First, despite physical distance not being used as input to the clustering algorithm, we would expect clusters to be spatially compact rather than consisting of, for example, individual voxels scattered throughout the volume. Second, we would expect that for a bilaterally symmetric brain, a given cluster should consist of voxels in mirror-symmetric positions. Third, when clustering is used to segment regions that are already well understood, the shape, size, and location of the automatically found clusters should match the known structures. Fourth, when clustering is performed on different datasets (e.g., Janelia FlyLight versus Vienna Tiles), we expect similar segmentations because the underlying identity of the functional units should dominate the results.
Automatic Segmentation of the Antennal Lobes
To test these expectations, we examined the Braincode results from the antennal lobe (AL) and central complex (CX) ( Figure 1 ; Figure S1 ). We first examined the singleton clusters-clusters directly from the k-medoids algorithm prior to hierarchical agglomeration. As shown, the resulting clusters were compact shapes similar in appearance to the known olfactory glomeruli [42] [43] [44] filling the volume of the AL ( Figures 1B and 1C ).
Individual clusters were highlighted ( Figures 1C and 1E , left columns) and used to look at the individual GAL4 lines that have particularly high expression within a given cluster (see https:// strawlab.org/braincode) or to take an average of all confocal image stacks from GAL4 lines expressing strongly in a particular cluster, but not elsewhere in the target brain region (Figures 1C and 1E, middle columns). Although our input brain region was the right AL, the average image stacks show a high level of symmetry across the midline. Furthermore, we compared the ''ground truth'' from manually segmented glomeruli based on a neuropil marker (nc82 antibody) with the results of the initial k-medoids clustering. A large fraction of voxels were shared in both datasets ( Figure S1B ). In a subsequent manual step, we used these correspondences to identify automatically extracted (A and D-F) Janelia FlyLight data for the oVLNP region defined as the posterior lateral protocerebrum (PLP), posterior ventrolateral protocerebrum (PVLP), and AOTU, run 1, 42,317 voxels, 3,462 driver lines, k = 60.
(B and C) Janelia FlyLight data for the right AL, run 1, 23,769 voxels, 3,462 driver lines, k = 60. See also Figure S1 . clusters as specific olfactory glomeruli ( Figure 1C , right columns). With k = 60 and 43 manually segmented glomeruli, we expected some glomeruli to be split into multiple clusters and, indeed, in some cases, the two automatically determined clusters split a single glomerulus. For example, DM6 was split into singletons C04 and C25, which the agglomeration step joined into agglomerated cluster C74 ( Figure S1B ). When the same analysis was performed on an entirely independent dataset (Vienna Tiles), the results were qualitatively similar (see the Supplemental Information and https://strawlab.org/braincode).
Central Complex and Other Regions
We performed further clustering on both relatively well understood brain regions and the terra incognita of diffuse neuropils. The central complex has been the focus of substantial work [45] [46] [47] [48] , and was recently described in detail using split-GAL4 lines and manual annotation [49] . The Braincode algorithm automatically identified many of the prominent structures within this brain region (Figures S1C-S1F). For example, singleton clusters include individual shells of the ellipsoid body neurons, individual layers of the fan-shaped body, and distinct regions of the protocerebral bridge (Figures S1C and S1D). After agglomerating such singleton clusters, we consistently found top-level hierarchies with the major CX substructures (ellipsoid body, fan-shaped body, and protocerebral bridge and noduli; Figures S1E and S1F). In this case, our input brain region spanned the midline to cover the entire CX region and, consistent with expectations for a working algorithm, the clustering results are symmetric across the midline.
The results on the antennal lobe and central complex, both well-studied brain regions, support the idea that patterns of expression can indeed be used to identify functional units and that the Braincode algorithm is capable of automatically proposing brain segmentations of biologically meaningful subregions.
Interpreting Results from Automatic Clustering Any clustering algorithm has a parameter that (implicitly or explicitly) controls the number of resulting clusters. How should this parameter be set? Ideally, an inherent clustering is easy to identify within the data and trivial for an automatic algorithm to extract. Often, however, and we believe this applies here, exact distinctions are unclear. Clustering algorithms can create classifications different from experts, but experts themselves often disagree due to debates in which ''lumpers'' argue that differences are insignificant and only obscure a more important deeper unity and ''splitters'' argue that the differences seen reflect important distinctions. Because we do not expect automated clustering to replace expert reasoning, we instead chose to bias our initial clustering to many clusters, but not overwhelmingly many, and then we structured the results with hierarchical agglomeration for later lumping or splitting.
Due to our interest in the visual system, we evaluated the clustering results in the posterior ventrolateral protocerebrum (PVLP), posterior lateral protocerebrum (PLP), and anterior optic tubercle (AOTU), relatively diffuse neuropils to which the majority of outputs from the medulla and lobula neuropils within the optic lobes project [14, 17, 18] . We call the union of these regions the ''optic ventrolateral neuropil'' (oVLNP) and note a similar area is called the ''optic glomerular complex'' in other studies [13, 16, 19] . Dendrograms showing the hierarchical structure from our analysis are shown in Figure S2 . Some clusters identified as distinct have little co-expression distance between them and thus might result from excessive splitting, and are the first agglomerations in the hierarchical structure. Conversely, evidence of potential lumping comes from cases such as only one singleton cluster (e.g., C37 in Janelia dataset run 1; Figure S3A ) being found for the optic glomeruli innervated by the lobula columnar (LC)16 and LC24 VPN types, despite the fact that manual segmentations of their associated optic glomeruli showed that these project to anatomically distinct (but adjacent) regions ( Figures 2B and 2H ).
One example that highlights the utility of hierarchical agglomeration to deal with lumping and splitting is the anterior optic tubercle. This area is known in Drosophila [14] , blow flies [19] , honey bee [50] , and locust [51] to have several internal compartments. As seen repeatedly in clusterings with different initial random seeds and from both datasets, a single agglomeration typically arises for the entire AOTU, such as with C113 in run 1 of the Janelia FlyLight dataset ( Figure 1F ). Clear subunits, such as the medial AOTU (C52) and lateral AOTU (C56), are seen, as well as several units within the central AOTU. For example, singleton clusters C09 and C22 correspond to posterior dorsal and posterior ventral parts of the central AOTU, respectively (Figure 1F) , and the LC10 neuron type projects to both clusters. Although LC10 subtypes-with distinct morphology and with inputs from distinct layers of the lobula-have been identified that target these regions preferentially [14, 52] , our results-separate clusters but low distance as seen in the dendrogram (Figure S2 )-suggest that there is relatively little co-expression difference between these regions of the central AOTU. Indeed, after searching through the list of driver lines with substantial expression in C22, we could find only a single driver line, GMR22A07-GAL4, that drove strong expression in a VPN targeting this region and had specificity for Otsuna and Ito's [14] LC10a subtype, but not LC10b. It may be tempting to conclude that the central AOTU was erroneously split by the clustering algorithm, yet the existence of distinct LC10 subtypes suggests there may be genuine, if small, distinctions between these regions. We suggest that the LC10 neuron type and the central AOTU region exemplify the lumping-versus-splitting problem and that hierarchical agglomeration is a practical solution. It is possible that further data, such as detailed studies on LC10-subtype morphology and molecular expression, may resolve the issue. For now, subdividing large brain regions, initially with k-medoids clustering and then agglomerating these results into a hierarchical structure, provides a way to reduce complexity when attempting to understand brain structure.
In sum, the automatic hierarchical segmentations produced by Braincode can be used as a starting point for providing hypotheses regarding brain structure and relevant driver lines. The results can be investigated in greater detail, as we have done below for the visual system.
Optic Glomeruli
By analogy to the antennal lobes, where a single glomerulus processes the output of a single type of olfactory sensory neuron, it is proposed that a single VPN type projects to a single optic glomerulus and encodes a single visual feature [13] . As discussed above, the specific location and identity of structures within these regions remain incompletely described. Therefore, we used Braincode to identify putative functional units in this region ( Figures 1D-1F, 2, 3, and 4) .
Consistent with the idea that some of the automatically segmented clusters are optic glomeruli, we could identify a single, previously described VPN type projecting to many of these clusters ( Figure 1E ). In addition to creating an average image by combining driver lines expressing in the cluster, we selected individual driver lines that appeared to drive expression in a single VPN type projecting to this cluster. By comparing the morphology of the neurons selected this way with previous reports, particularly Otsuna and Ito [14] , we could identify LC04, LC06, LC09, LC10, LC11, LC12, LC13, and LC14. To image the precise location of synaptic outputs of each of these VPN types, we expressed a presynaptic marker, synaptotagmin::GFP (syt::GFP) [53] , using the selected driver lines. After registering these newly acquired confocal image z stacks to the templates of the Vienna or Janelia collections, we could then define the 3D location and extent of the VPN output-the VPN's associated optic glomerulus-by performing assisted 3D segmentations of the presynaptic regions. Initial inspection showed a substantial similarity between such manually validated optic glomeruli and automatically identified clusters, and below we quantify this correspondence.
When segmenting a large brain region into putative functional units, we might expect to find axon tracts in addition to nuclei or glomeruli. Indeed, the clustering results also included two apparent axon tracts through this region, the great commissure connecting the two contralateral lobulae including LC14 and the tract that includes the lamina tangential neuron type (Vienna dataset, k = 60, run 1, clusters 3 and 30, respectively).
In addition to clusters corresponding to output regions of previously identified neuron types, we found clusters that appear to be projection targets of VPNs that have not been previously described. These novel VPNs are eight lobula columnar types ( Figure 2 ), three lobula plate-lobula columnar (LPLC) types, one lobula-plate columnar (LPC) type, and two medulla columnar (MC) types (Figure 3 ). Using the same presynaptic GFP expression approach as above, we saw substantial similarity between these manually validated optic glomeruli to the clustering result (Figures 2 and 3 ). For each cell type, we used the FlyCircuit database [23] to identify multiple example single-neuron morphologies (Table S1 ). We named these neuron types by continuing the sequence onward from the last published number for a particular class (i.e., LC15 is the first lobula columnar type we identified, whereas LC14 was previously reported).
We defined the precise 3D location of the optic glomeruli by segmenting the presynaptic marker signal from registered confocal image stacks of VPN lines. Quantification showed a high degree of colocalization between these manually validated optic glomeruli and voxels from specific clusters, and plotting these results showed that the Braincode method automatically produces segmentations with substantial similarity to those Table S1 and Movie S1. derived from labor-intensive manual techniques ( Figures S3A  and S3B ). This holds true across a second, entirely distinct dataset ( Figures S3C and S3D) .
We evaluated the completeness of the results in two ways. First, we clustered both datasets twice with k = 60 but different random number seeds and discovered in each run at least 23 of the 25 glomeruli or tracts associated with a particular VPN type (run 1 and run 2; Table S1 ). We expect subsequent repetitions to reveal few, if any, additional novel structures. Second, we noted that regions of high-intensity anti-Bruchpilot (nc82 antibody) staining, an indicator of synaptic contacts, coincide with optic glomeruli. In the brain regions investigated, we found glomeruli for all such high-intensity regions (Figure 4 ). We performed further exploration of the oVLNP clusters that did not obviously correspond to optic glomeruli. In most cases, ascribing an identity is difficult because relevant driver lines often have diffuse projection patterns and, even after viewing many individual examples, it is hard to discern underlying structure. In some cases, it seems that clusters form from expression patterns not in regions of dense synaptic contact in our analysis region. For example, we found a cluster (C14, Janelia run 1, k = 60) at the dorsal edge of the medial margin of the oVLNP, which contains cell bodies of ellipsoid body neurons, and another example (C06) containing a sub-esophogeal zone (SEZ) tract passing just within the margin of our analysis region. We did not perform clustering on the posterior slope, a region targeted by the lobulaplate tangential cells, and therefore, as expected, did not find any such clusters corresponding to these cells. Taking these results together, we conclude that the Braincode method can find a majority of structures in a particular region.
Little VPN Convergence to Single Optic Glomeruli
Of the 22 optic glomeruli we identified, only a single one was targeted by two VPN types. Apart from LC22 and LPLC4 projecting to the same glomerulus, we found no other instance of convergence of multiple VPN types to a single optic glomerulus. In some cases, however, two VPN types projected to a single cluster. For example, LC11 and LC21 both project to the region containing C07 (Figures 1E and 2F) . Although there are some regions of presynaptic colocalization in the underlying signals in the registered images, there are also non-overlapping presynaptic localizations, and thus the data suggest that the glomeruli are at least partially distinct ( Figure 4B ). LC12 and LC17 are another similar pair, but the presynaptic localization is more distinct in this case ( Figure 4B) . Similarly, the presynaptic localizations of LC16 and LC24 both are within cluster C37, although in this case we think that a paucity of driver lines driving expression in LC24 likely precluded a separate cluster from being identified. In summary, with a single exception, we do not find evidence for multiple VPNs projecting to a single optic glomerulus and instead propose that, where we do see projection to the same cluster, this results from lumping within the clustering algorithm.
Although we cannot exclude the possibility that more optic glomeruli exist that are the targets of two or more VPN types, our data show that such cases are exceptional. Conversely, we found that each VPN type projects to a single glomerulus. Together, these two observations allow us to propose naming optic glomeruli according to the VPN type(s) that projects to them.
A Map of the Optic Glomeruli of Drosophila
We synthesized the novel findings of this automatic and manual characterization of this brain region with a movie showing segmented visual projection neurons and the presynaptic output regions associated with each of these VPNs (Movie S1) and created a figure describing the optic glomeruli as the targets of specific VPNs (Figure 4 ). Three-dimensional models of each VPN type and associated optic glomerulus are in the Supplemental Information. The optic glomeruli are generally dispersed in the oVLNP, separated by regions with reduced presynaptic signal, in contrast to the densely packed olfactory glomeruli. Glomeruli associated with LPC and LPLC neurons from the lobula plate project to a compact region in the medioposterior part of the central brain, whereas glomeruli of LC neurons from the lobula are dispersed throughout the oVLNP ( Figure 5A) . A few glomeruli are apposed, without clear buffer regions between them. LC12 and LC17 glomeruli are in close proximity without a clear boundary between them, and share the same cell-body region and have a similar projection path. This holds also for LC11 and LC21, as well as LPC1 and LPLC3. Another example of glomeruli in close proximity is LC06 and LC16, but these two neuron types have separate cell-body regions, and axons of these two neuron types enter the central brain from completely different sides.
We consistently found six subtrees in the hierarchical agglomerations from runs initialized with different random seeds, and asked whether this evidence of similar hierarchical relationships between enhancer expression patterns was reflected in the spatial organization of the VPNs or their glomeruli ( Figures 5B  and 5C ). Indeed, glomeruli associated with these groups are always near each other, whereas cell-body location of the associated VPNs was not consistently a shared feature within such a group. Given that cell bodies do not migrate during development, this suggests that these hierarchical arrangements may reflect axon-targeting programs rather than neuroblast identity.
Is retinotopy, characteristic of the optic lobes, maintained in the projection to single optic glomeruli? Using MARCM [54] with LC04 and LC06 drivers, we found that presynaptic varicosities on axonal branches of single neurons are distributed across most of the glomerulus (Figure 5D ), indicating that retinotopy within these glomeruli is unlikely. In contrast, the MC61 cell type showed localized termination within the lateral AOTU (Figure 5D ). Examination of other identified neuron types (Table  S1 ) using the FlyCircuit database [23] suggests that most columnar VPNs follow the example of LC04 and LC06, consistent with work on blow flies [16, 19] .
DISCUSSION
We have demonstrated that applying a clustering algorithm to image data from genomic-scale enhancer libraries segments brain regions into smaller, putative functional units such as glomeruli and axon tracts. When applied to Drosophila data, automatically extracted clusters have a high correspondence with glomeruli and other neuropil subdivisions within the antennal lobes and central complex, suggesting the utility of the approach. We used this approach to inform a detailed investigation of the optic ventrolateral neuropil, a region where most outputs from the medulla and lobula neuropils within the optic lobes reach the central brain. We identified several neuron types that, to the best of our knowledge, have not been previously described: eight lobula columnar neuron types, three lobula plate-lobula columnar types, one lobula-plate columnar type, and two medulla columnar types.
We found a nearly one-to-one projection of visual projection neurons to optic glomeruli. This is consistent with the idea that each optic glomerulus processes input from a single cell type and is therefore similar to the olfactory glomeruli in the sense that a dedicated glomerulus receives input from a single distinct input cell type [13] . Future work could investigate whether the optic and olfactory glomeruli are homologous in an evolutionary sense and whether the similarities extend to functional aspects and developmental mechanisms.
Recent computational neuroanatomical work has sought to use extensive collections of registered image stacks from stochastically labeled brains [23] to identify cell types [52] , construct a mesoscale connectome of the fly brain [27] , or find groups of morphologically similar neurons likely from the same neuroblast [55] . Given the complementary strengths of the respective approaches-resolution to the single-cell level with stochastic labeling, and candidate driver lines and molecular identity from 44  18  33  25  21  15  6  26  5  23  1  29  2  35  8  55  20  41  30  4  46  16  37  3  57  11  51  45  40  28  7  49  24  12  32  14  60  48  42  50  27  59  38  47  58  34  17  43  22  9  19  52  56  13  53  39  54  36 the present Braincode method-it may be productive to perform further analysis that combines these techniques. The approach outlined here has several technical dependencies, which may represent limitations in some cases. First, any structure segmented automatically must have a physical scale at least comparable to, if not larger than, the error in registering multiple samples. Second, enough registered enhancer line images must be available to provide a signal sufficient for clustering. Third, underlying biological variability in developmental patterns must be sufficiently low. In addition to these technical dependencies, the use of an automatic classification algorithm does not solve the classic lumping-versus-splitting problem, and we propose using hierarchical agglomeration on finely split datasets to bypass such issues. Also, although we have shown that clustering often identifies regions with anatomical correlates such as a glomerulus, in other cases this may be less clear. In any case, the clusters identified result from patterns of expression in many driver lines, but it may be that only some driver lines are confined to the boundaries of a given cluster. In cases where the automatically extracted clusters do not clearly correspond to an anatomical structure, we propose that clustering may nonetheless be useful in reducing the complexity of thinking about a large brain region by dividing it into smaller elements.
Despite these potential limitations, the Braincode approach is not limited to Drosophila. Data are available from recent zebrafish enhancer-trap experiments [56, 57] , and registering brains is also possible [58] . Together, these would enable an attempt to apply the Braincode technique. New developments, such as the use of site-specific integrase [59, 60] , could be used to minimize expression-level variation due to effects of where a transgene integrates in the genome and improve efficiency and thus produce comparable datasets to those used here for Drosophila. Such an effort in zebrafish could be used to suggest driver lines corresponding to functional units identified in brain-wide activity-based experiments [61] [62] [63] [64] . Similar datasets are being gathered in another fish species, medaka [65] . Variability of brain development in mammals may make the approach more challenging, or only operate on larger scales, in these species. Nevertheless, the ability to automatically segment brain regions into putative functional units could prove useful in unraveling structure-function relationships in a variety of species.
EXPERIMENTAL PROCEDURES
Drosophila Strains/Stocks
Flies were raised at 25 C under a 12-hr light-dark cycle on standard cornmeal food. GAL4 lines were from the Vienna Tiles collection (generated by the group of B.J. Dickson with help from A. Stark, personal communication; see also Kvon et al. [2] ) and Janelia GAL4 library [3, 66] and were obtained from the Vienna Drosophila RNAi Center or Bloomington Drosophila Stock Center, respectively. UAS-mCD8::GFP stock is from B.J. Dickson and UAS-DenMark:: mCherry, UAS-synaptotagmin::GFP is from Bloomington 33064. For MARCM analysis, we used yw, neoFRT19A; If/CyO; Sb/Tm3Ser and hsFLP, tubGAL80, neoFRT19A; UAS-mCD8::GFP/CyO; Sb/Tm3Ser. So that stochastic singlecell labeling could be obtained, flies were heat shocked for 2 hr at 37 C during larval stages and then normally developed to adults at 25 C.
Sample Preparation and Imaging
Fly dissection and staining were performed as previously described [67] using 3-to 5-day-old adult flies. In brief, brains were dissected in PBS, fixed in 4% paraformaldehyde in PBS with 0.1% Triton X-100, and subsequently blocked in 10% normal goat serum (Gibco Life Technologies). Brains were incubated in primary and secondary antibodies for a minimum of 20 hr at 4 C and washed in PBS with 0.3% Triton X-100. Fly brains were mounted in Vectashield (Vector Laboratories). We used the following primary antibodies: rabbit polyclonal anti-GFP (1:5,000, TP401; Torrey Pines), mouse monoclonal anti-Bruchpilot (1:20, nc82; Developmental Studies Hybridoma Bank), and chicken polyclonal anti-GFP (1:10,000, ab13970; Abcam) We used the following secondary antibodies: Alexa Fluor 488, 568, and 633 antibodies (1:500-1:1,000; Invitrogen Life Technologies).
Images were acquired using point scanning confocal microscope LSM 780 or LSM 700 (Zeiss) equipped with 253/0.8 plan-apochromat multi-immersion or 203/0.8 plan-apochromat dry objectives, respectively. For avoidance of channel cross-talk, confocal z stacks were recorded in the multi-track (LSM 700) or online fingerprinting mode (LSM 780).
Registration, Assisted Segmentation, and 3D Rendering
For both datasets an intensity-based non-linear warping method was used. For the Vienna Tiles dataset, we used the approach described in [67] and, for the Janelia dataset, brains were registered according to [68] . Fiji (ImageJ; NIH) and Amira (4.1.2; Mercury Computer Systems) software were used for image processing and analysis. Amira label field function was used to segment optic glomeruli, projections, and neuron types from registered images. Surface files of segmented structures were generated using constrained smoothing for full neuron segmentations and unconstrained smoothing for optic glomeruli. We additionally used BrainGazer visualization software [69] . In all 3D figures, we included a 3D axis scale in which red specifies the lateral axis with positive toward the animal's left side, green specifies the dorsal-ventral axis with positive toward ventral, and blue specifies the anterior-posterior with positive toward posterior. Due to the use of a perspective projection in these figures, the size of the 3D axis scale is only approximate.
k-Medoids Clustering
As input, we took confocal image stacks from the G. Rubin laboratory Janelia FlyLight collection [1, 3] and from the B.J. Dickson laboratory Vienna Tiles collection (B.J. Dickson, personal communication). In total, we used data from 3,462 Janelia FlyLight and 6,022 Vienna Tiles GAL4 driver lines crossed with UAS-mCD8::GFP. Each dataset came registered to a dataset-specific template brain with registration error estimated to be 2-3 mm [67, 68] . We clustered these data in two major steps. First, within each analyzed brain region, we found k clusters (typically 60) using a conventional clustering algorithm, k-medoids. Second, we agglomerated these k original ''singleton'' clusters into a hierarchical structure in which closely related groups are merged successively. See the Supplemental Experimental Procedures for details.
Nomenclature
Existing nomenclature was used for previously identified neuron types when an unambiguous match was possible. Lobula columnar neurons were first systematically described in Drosophila in [4] , which called these ''Lcn'' types and included Lcn1, Lcn2, Lcn4, Lcn5, Lcn6, Lcn7, and Lcn8 (Lcn3 was skipped). Later, these were named ''LC'' neurons, only unambiguous identities were maintained, and new numbers were given by [14] . In Otsuna and Ito's work [14] , only Lcn4 and Lcn6 could be identified and became LC4 and LC6. (Due to uncertain identification, Lcn1, Lcn2, Lcn5, Lcn7, and Lcn8 have no LC counterpart.) In addition to LC4 and LC6, Otsuna and Ito identified LC9, LC10, LC11, LC12, LC13, and LC14. Naming of non-described types was based on the style of Otsuna and Ito and done in coordination with A. Nern and G. Rubin. Neuropils are referred to using the terminology of the Insect Brain Name Working Group [70] .
SUPPLEMENTAL INFORMATION
Supplemental Information includes Supplemental Experimental Procedures, three figures, one table, one movie, and one dataset and can be found with this article online at http://dx.doi.org/10.1016/j.cub.2016.05.052.
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